The cerebellum has a well-established role in locomotion control, but how the cerebellar network 9 regulates locomotion behaviour is still not well understood. We therefore characterized the activity 10 of cerebellar neurons in awake mice engaged in a locomotion task, using high-density silicon electrode 11 arrays. We characterized the activity of over 300 neurons in response to locomotion, finding tuning 12 to speed of locomotion, turning, and phase of the step cycle. We found that the cerebellar neurons 13 we recorded mainly encoded information about future locomotor activity. We were able to decode the 14 speed of locomotion with a simple linear algorithm, needing relatively few well-chosen cells to provide 15 an accurate estimate of locomotion speed. Our observation that cerebellar neuronal activity predicts 16 locomotion in the near future, and encodes the required kinematic variables, points to this activity 17 underlying the efference copy signal for vertebrate locomotion. 18 Introduction 19
examined whether this was the reason behind the tuning of activity to locomotion speed. Since pitch 159 velocity is measured by motion sensors parallel to the vertical axis, with velocity sampled at a high 160 polling rate (f=200 Hz), it was possible to detect the vertical oscillations caused by the mouse stepping 161 on the sphere ( Figure 4A ). The high frequency periodicity of the signal was extracted from the original 162 pitch velocity signal by transforming the pitch velocity with the Hilbert operator. At least 393 putative 163 step cycles were found for each recording session (1724±158, mean±s.e.m., n=39). We then measured 164 the correlation between the firing rate (bin width = 5ms, smoothed with a 20-ms Gaussian window) 165 and the phase of the step cycle for each unit ( Figure 4B ) finding that only 57 units out of 311 showed 166 a significant modulation with the stepping cycle (p≤ 0.001, χ 2 test for uniformity). Of these, thirty-167 two units were also significantly modulated by speed. Mean preferred phases of the modulated units 168 were distributed across the stepping cycle, with approximately two-thirds of the response covering on 169 average 2.2±0.06 (mean±s.e.m, n=57) radians, as measured by the standard circular deviation (Drew 170 and Doucet, 1991) ( Figure 4B ).
171
To quantify the step phase modulation of the response, we used an approach commonly used 172 in the study of orientation tuning, an analogous problem (where here phase within a step cycle 173 replaces orientation within a circular stimulus space). We calculated the normalised phase orientation 174 vector and computed the orientation selectivity index (Mazurek et al., 2014) , renamed here the phase 175 selectivity index, PSI. Units significantly modulated by step phase have higher phase selectivity indexes 176 in comparison to non-modulated units (p=2e −16 , Mann-Whitney U-test, Figure 4D ). These results suggest that cerebellar neurons' activity encodes kinematic information, i.e. locomotion speed is not a by-product of rhythmic modulation of the stepping cycle as shown in a previous study (Sauerbrei 179 et al., 2015) . 180 Cerebellar units compute multiple kinematic parameters 181 We have described units tuned for speed of locomotion, yaw (including some tuned for direction of yaw 182 motion), and phase of stepping cycle. It is important to determine whether these constitute separate 183 classes of neurons, or if instead, each of the neurons displays tuning to a lesser or greater extent across 184 each dimension. 185 For each cell, we therefore compared the modulation index for speed with the mean modulation 186 index for CW and CCW yaw (see Methods), and with the phase selectivity index. These are depicted 187 in a tri-plot in Figure 5A . It is apparent that speed, yaw and phase selective units do not cluster 188 in this space, but are instead distributed relatively uniformly. A similar picture arises when instead It has been previously shown that neural activity of single Purkinje cells encode multiple kinematic 217 parameters of multi-joint movements during arm reaching tasks in primates (Roitman, 2005; Pasalar 218 et al., 2006; Hewitt et al., 2011) . Similarly, locomotion requires the coordination of multiple joints and 219 muscles. Since the majority of units we found was shown to encode multiple kinematics parameters, 220 we set out to find out whether locomotion speed could be accurately reconstructed by populations of 221 cerebellar neurons. recording and tested on the remaining 30%. To assess the scaling of decoder performance with ensemble 227 size, we selected recordings comprising at least eight units (n=6).
228
We investigated how the population size affected the accuracy of the decoder. To avoid any bias 229 in the choice of units used in the reconstruction, these were selected randomly for any given size of 230 neural population. 2N possible population combinations were tested for ensembles of 1, 2, N − 1 and 231 N units (N number of units recorded in the experiment), and N 2 otherwise. As the number of units 232 increased, so did the decoder accuracy whilst the decoding performance range of the random selected 233 ensembles reduced ( Figure 7B ). Furthermore, as the population size increased, the median accuracy of 234 locomotion speed reconstruction approached the one obtained using populations formed by the most 235 correlated units only, as measured by the Pearson correlation coefficient.
236
These results are consistent across all experiments that contained more than seven units ( Figure   237 7C) suggesting that the cerebellum encodes kinematic information related to instantaneous locomotion 238 speed by linearly summing the contributions of single neurons.
239

Discussion
240
In this study, we used a virtual reality behavioural task, together with multi-unit electrophysiological 241 recording, to investigate the neuronal population activity underlying locomotion. Our approach al-242 lowed us to assess the activity of multiple neighbouring neurons during behaviour while maintaining 243 a high degree of experimental control over behavioural parameters. Our recordings from lobules V 244 and VI of the vermis indicate that most cells in this area encode kinematic parameters of locomotion. 245 We found that while 6% of the cells showed significantly different firing rates during locomotion as 246 opposed to rest, but no significant modulation by speed (similar to the classical results of Armstrong 247 and Edgley (1984)), 45% of neurons were specifically tuned for speed of locomotion. This included 248 cells that increased their firing rate with increasing running speed, cells that decreased their firing 249 rate below the spontaneous (rest) level with increasing speed, and cells showing a preferred locomo-250 tion speed. We also found that some cells were tuned to yaw (turning) and also to particular phases of 251 the locomotion step cycle. The different responses of individual cells that we observed to locomotion 252 speed, turning and stepping may reflect interdependent information about behavioural state, laterality 253 and type of muscles being exerted during locomotion. classify interneurons into specific classes with any degree of confidence, and our approach did leave 258 a significant number of unclassified neurons. In the present study, for technical reasons we did not 259 attempt to analyse complex spike (CS) waveforms from Purkinje cells, restricting our attention to 260 simple spike (SS) waveforms. CS will be the subject of a future manuscript. Further improvements 261 to cell classification algorithms will probably require obtaining ground truth validation data through 262 simultaneous MEA and sharp electrode or whole cell patch clamp recording in the awake animal, 263 with histological validation, a technically challenging task. In our study, however, we did not find the 264 encoding of locomotion kinematic parameters to be dependent upon cell class.
265
Kinematic parameters of arm movements have been found to be related to single neuron activity 266 in the cerebellum (Hewitt et al., 2011; Popa et al., 2012) and in the motor cortex (Ashe and Geor- from the freely moving rat), but did not describe speed tuning further, instead focusing on step-phase 273 dependent correlations with behaviour. Moreover, vestibular inputs were not taken into account in 274 their modulation analysis; such inputs were controlled in our study, as we used head-fixed animals 275 for which these inputs can be considered negligible. To the best of our knowledge, the current study 276 is the first description of the tuning of cerebellar neurons to speed of locomotion. One question that 277 may arise is why this was not observed previously, for instance in earlier studies of cats walking on 278 a treadmill. While it is not at this stage possible to rule out that inter-species differences account 279 for this, our view is that the discrepancy is more likely to arise from the fact that in these studies 280 the cats passively stepped on a treadmill, which was rotating at a rate fixed by the experimenter.
281
Instead, in our study, the animals actively locomoted at a speed of their own choice (starting and 282 stopping as they wished), motivated by an increasing reward rate for more rapid progress down the 283 corridor segments, which may engage cerebellar networks to a greater degree. In fact, a small amount 284 of speed modulation is apparent in Fig. 2 of Armstrong and Edgley (1988) for most of the neurons 285 they recorded, suggesting that the situation in the mouse and cat may not be completely dissimilar.
By allowing the spherical treadmill to rotate along any orientation (rather than constraining it 287 to a single axis as with a treadmill), we aimed to create a navigation paradigm congruent with a 288 real-world scenario. Animals had to intentionally engage many muscles relevant for locomotion, and 289 were not constrained to run at fixed speeds. However, the locomotion task should be thought of as a 290 sensorimotor control task, rather than as normal locomotion behaviour, because of the artificial nature 291 of the head fixation and of the act of balancing on a frictionless ball, which is itself an acquired skill.
292
Because the animals were head-fixed, we assumed that vestibular inputs were negligible during yaw 293 (turning) movements. The correlation of neuronal activity with the direction of movement may be 294 related to lateralised spinocerebellar inputs from muscles employed to steer clockwise or anti-clockwise. 295 We did not find cells with a preference for a turning direction (i.e. a high Delta modulation index) to 296 be highly modulated by speed, suggesting that speed and direction locomotion information are relayed 297 separately. A similar result was observed in macaque monkeys performing a visually guided tracking 298 task (Roitman, 2005): Purkinje cells were found in that study to respond to position and direction of 299 arm movement but not to arm speed.
300
According to our information theoretic analysis, the majority of the units provided maximum 301 information about the speed of locomotion a short time in the future (∼100 ms). They can thus be 302 thought of as providing predictive, rather than retrospective, information about locomotion, suggesting 303 that they may be driven by internally generated rather than sensory signals. The cerebellum receives 304 projections from the nuclues cuneiformis (Gioia and Bianchi, 1987) that, in turn, receives inputs from 305 the mesencephalic locomotor region (MLR; Ryczko and Dubuc, 2013). Since the MLR is a region of 306 the hind brain that is involved in initiating and modulating locomotion (Shik et al., 1966; Lee et al., 307 2014; Kiehn, 2016), the cerebellum might receive a copy of the motor signals sent to spinal locomotion 308 centres (Orlovsky et al., 1999) . Indeed, MLR neurons have been observed to show similar speed 309 tuning profiles to those reported here (Lee et al., 2014) . We see this in agreement with computational 310 theories, based on forward internal models, according to which the cerebellum uses an efference copy 311 to compensate for slow sensory feedback during fast movements (Wolpert et al., 1995; Pasalar et al., 312 2006 ). In addition, the cerebellum might use the efference copy to suppress sensory feedback in order 313 to reduce motor noise during movements (Shergill et al., 2003; Kennedy et al., 2014; Laurens et al., 314 2013). 315 We were able to reconstruct locomotion speed to high accuracy by linearly summing (positive and 316 negative) weighted firing rates. The performance of our decoder increased with population size, as it 317 can be expected, suggesting that multiple motor commands and copies of the central pattern generator of the recording minus 20 seconds (Kropff et al., 2015) . For each iteration, firing rate was calculated 429 and a speed tuning curve computed, and its variance was measured. We then compared the variance 430 of the original speed tuning curve with the ones from the shuffled data. If its value was greater than 431 99% of the shuffled data values, then we considered the unit as significantly sensitive to movement 432 (binary response). We repeated this calculation and applied the same criteria to speeds ≥ 1 cm/s to 433 assess if each unit was significantly modulated by locomotion (Saleem et al., 2013) .
434
A unit response type was defined according to the curve that best fits the original data points.
435
Because of the different response profiles obtained from the original data, three different curves were 436 fitted (linear, second-degree polynomial and double exponential). The inverse of the variance of each 437 data point was used as weight for the fitting to compensate for the different number of data points in 438 each bin at speed=0. The coefficients of the best fit curve were used to determine the response type.
439
In addition, we classified a cell as:
440
• positively modulated if the maximum firing rate was greater than the firing rate during stationary 441 periods, and this was recorded at a speed greater than 70% of the maximum speed of the mouse;
442
• negatively modulated if the minimum firing rate was smaller than the firing rate during stationary 443 periods, and it was recorded at a speed greater than 70% of maximum speed of the mouse periods and this was recorded at a speed smaller than 70% of the maximum speed of the mouse.
446
The tuning curves for yaw movement were calculated similarly for clockwise (CW) and counter-447 clockwise (CCW) turning of the sphere. We then fitted three different curves (linear, second-degree 448 polynomial and double exponential), selected the best fitting, and calculated the modulation index 449 for either yaw direction. Modulation indexes were calculated as:
We also calculated the difference in Modulation Index (Delta Modulation Index: Modulation Index 451 CW -Modulation Index CCW) between the CW and CCW direction to assess the 'asymmetry' of 452 tuning curves. Cells with a Delta larger than 0.2 were apparently asymmetric on visual inspection. animals. We used the Mann-Whitney Test to compare the modulation index distributions in the two 457 conditions for speed and yaw. We also compared the difference in yaw modulation index and the phase 458 index.
459
Step cycle modulation 460
To look at the modulation with stepping cycle, the pitch velocity signal was high-pass filtered at 3 Hz 461 to cancel the locomotor related changes of speed. The Hilbert transform was then computed and its 462 phase was extracted as a function of time. To ensure that pitch velocity changes were due to stepping, 463 only putative stepping cycles longer than 50 ms and occurring only during moving periods (speed ≥ 1 464 cm/s) were considered. Each cycle duration was normalised with respect to time and divided in 36 465 equal intervals. For each interval, the instantaneous firing rate was computed.
466
Because of the binning of each cycle, step phase modulation was tested for uniformity with the χ 2 467 test of uniformity (Fisher, 1995) . The mean direction θ (in radians) of the firing rate distribution of 468 a cell around the step cycle was computed as:
where the numerator and denominator are the mean rectangular coordinates of the resulting phase 470 angle, X and Y respectively, α is the phase angle of the resultant vector R = √ X 2 + Y 2 for each 471 cycle, and n is the number of cycles or steps.
and Doucet, 1991), as σ = √ −2lnR. We calculated the Phase Selectivity Index (PSI). PSI is defined 475 equivalently to the orientation selectivity index described by Mazurek et al. (2014) ,
where R(θ) is the magnitude of the firing rate for any given angle θ = [0 • : 10 • : 360 • ], for each 477 stepping cycle. ing rate of each neuron in its ensemble, then rectified the summed output. We tested the incorporation 498 of an additional offset term prior to rectification, but found that it did not improve performance on 499 our dataset. The decoder was trained on 70% of each locomotion session, and tested on the remaining 500 30%. The OLE reconstruction is given by bins, and w is the linear estimator given by
with v = [v 1 ...v T train ] T being the measured speed time course vector for the T train training data bins, 505 and R a matrix whose columns are the firing rates for the training data, with the addition of a column 506 of ones for the y intercept. Training the decoder by linear least squares regression is equivalent to 507 solving this equation to find the optimal value of the estimator:
where v is a column vector containing the locomotion speed values for the training data. The esti-509 mated speed is half wave rectified to reflect the fact that only positive speed values are possible. We 
